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Abstract

Air pollution is a serious threat to the environment and ecology. Monitoring and
prediction of air quality is an important aspect, as it helps to issue early warnings
and adopt suitable control measures in time. Particulate matter of size less than and
equal to 2.5 microns is the prominent air pollutant. It easily penetrates through lungs
affecting human health. This paper investigates the performance of the empirical mode
decomposition and the wavelet transform in non linear non stationary PM2.5 time
series prediction problem. The prediction is carried out by applying adaptive neuro-
fuzzy inference system (ANFIS). It is found that the wavelet transform outperforms
empirical mode decomposition for non linear PM2.5 time series.
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1 Introduction
Air pollutants are growing rapidly, which is one of the most serious health issues. Among
pollutants, particulate matter is gaining more attention because of its ability to penetrate
deep into lungs. Many studies have been carried out showing significant association between
particulate matter and chronic diseases and even resulting in death [2,7]. The WHO has
called it second tobacco epidemic. The PM2.5 can hamper brain development by 10-20 per
cent and we are going to make our next generation retarded. Evidence is now emerging
that heart attacks, a brain attacks are linked to air pollution. A recent study found strong
relation between PM2.5 exposure and neurological disorders [9]. It has aroused worldwide
concerns over the last few years. The study of particulate matter is of great relevance from
worlds economy and health point of view. The spatial and temporal distribution of PM2.5
concentration which has strong nonlinear characteristics is influenced by the meteorological
field, the emission source, the complex underlying surface, and the coupling of the physical
and chemical processes, which makes it difficult to predict. At present, the commonly
used prediction methods are mechanism analysis and statistical prediction method. Many
studies related to prediction of PM2.5 has been done using stepwise regression keeping in
mind its chemical composition and physical properties, and the other pollutants (such as
SO2 ,NOx, O3 ) and meteorological factors [3,4,8]. PM10 and PM2.5 in urban areas using
a chemical transport model is predicted [11]. In this paper, PM2.5 prediction is carried
out by breaking down time series into sub series. The study examines Wavelet-ANFIS
(WANFIS) and Empirical mode decomposition-ANFIS (EMD-ANFIS) models for predicting
PM2.5 using the embedded series.
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The proposed model is trained for PM2.5 concentration monitored at Shadipur, Delhi.
Shadipur is one of the pollution hotspots in Delhi. It is residential cum industrial area. Delhi
Transport Corporation depot is also located in Shadipur connecting many parts of Delhi. Its
neighboring areas are Mayapuri and Naraina. Naraina is divided into industrial, residential
and rural areas. It is the location of the headquarters of the Steel Authority of India Limited.
Mayapuri is combination of residential flats, light metal factories and automobile service
stations. Air quality in this area lies mainly in very poor or severe category. Apart from
meteorological parameters and vehicular emissions, industries plays major role in pollution
levels making study of particulate matter more complex. The main cause of air pollution is
garbage burning. The garbage predominantly consists of rubber and plastic waste which is
carcinogenic. PM2.5 (24-hourly) concentrations are obtained from Central Pollution Control
Board (CPCB) from the period from March, 2015 to March, 2019.

2 Time space analysis method
The aim is to forecast PM2.5 daily concentration using past values. The uncertainty of
PM2.5 makes precise prediction a challenging task. Alternate way is to break the original
series into components with lower variability and then training each of them using ANFIS.
Summing individual results gives the final output [12,14]. The time space analysis methods-
wavelet transformation and empirical mode decomposition are used for breaking down high
variability time series into subseries. Further, performance analysis of both methods is
carried out by comparing PM2.5 actual and forecasted values.
2.1 Empirical mode Decomposition (EMD)
The EMD decomposes a signal into intrinsic membership functions (IMF). IMF has only
one extreme between zero crossings, and has an average of zero [6]. The process used for
decomposing is iterative and is stopped when the standard deviation between two successive
shifting is smaller than 0.2 or 0.3. Given a signal y(t) shifting process works in following
steps:

1. From cube-spline interpolation of local extremes determine upper and lower envelope
respectively. Let µ1 be the average of upper and lower envelope.

2. First component, A1(t) = y(t)− µ1(t).
3. If µ1 and A1 satisfy stopping criteria, then first IMF d1(t) = µ1(t) and residue R1(t) =
A1(t).

4. Otherwise, steps 1-3 is repeated for A1(t).
5. For R1(t), steps 1-4 are repeated until all IMFs and residue are obtained say J is IMF

count

y(t) = ΣJ
i=1Di(t) +R(t). (2.1)

2.2 Wavelet Transform
Fourier transforms limitation of uniform frequency resolution at all frequencies lead to
wavelet transforms. With Fourier transforms time-frequency grid is uniform whereas wavelet
transform is collection of different windows thus descrying low and high frequencies. Wavelet
transforms are further divided into continuous and discrete [1]. The present study deals with
discrete wavelet transform (DWT) for multi resolution of signal. Multi resolution analysis
(finer to coarser in time domain) is based on high and low pass filter. High pass filter referred
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to as mother wavelet captures high frequency (details) and low pass filter are father wavelet
which captures low frequency (approximations) [10]

φ(t) =
√

(2)
∑

gaφ(2t− a), ga =
1√
(2)

∫
φ(t)φ(2t− a)dt, (2.2)

ψ(t) =
√

(2)
∑

faψ(2t− a), fa =
1√
(2)

∫
ψ(t)ψ(2t− a)dt. (2.3)

Using mother and father wavelet, signal x(t) can be disintegrated as:

x(t) = ΣcXl,cψl,c(t) + Σcdl,cψl,c(t) + Σcdl−1,cψl−1,c(t) + ....+ Σcd1,kψ1,c, (2.4)

Xl,c =

∫
φl,cx(t)dt, φl,c = 2

−l
2 φ(2−lt− c), (2.5)

dl,c =

∫
ψl,cx(t)dt, ψl,c = 2

−l
2 ψ(2−lt− c). (2.6)

Here, l ranges from 1 to number of number of coefficients and c is number of levels. High
and low pass filter vary for different wavelets. For present study, daubechies wavelet due
to its decay pattern in time and frequency unlike Haar and Shannon wavelets which are
compact in time and in frequency respectively.

3 ANFIS
ANFIS is based on five adaptive and fixed layers comprising of premise and consequent
parameters. The premise parameters are the input parameters defined by the membership
functions of data. The consequent parameters are tuned. The learning ability of neural
networks helps in tuning the parameters. ANFIS is basically used for handling non linear
behavior of time series. The algorithm of the process learns in accordance with the back
propagation method. Many prediction studies based on data is carried out using ANFIS [5].
The performance of the system in learning from data helps in predicting non stationary non
linear time series. More insights to the system architecture are discussed [13].

4 Methodology
PM2.5 concentration monitored at Shadipur is undertaken for the study for the period from
22/03/2015 to 28/03/2019. The original series is decomposed using time space analysis
methods. Consider time series of PM2.5 concentration as x(t), t = 1, 2, ...,m where m is the
count of data points under consideration. The optimal lag undertaken in for the prediction
is four keeping in mind the learning rate which will directly affect the computational time.
The first step is to decompose series than apply ANFIS on decomposed components for
prediction as depicted in Fig. 5.1.
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Figure 4.1: (a) EMD-ANFIS (b) Wavelet ANFIS (WANFIS)

5 Performance Testing
The section comprises of performance analysis of proposed EMD-ANFIS and WANFIS
algorithm is tested for PM2.5 series. The data is split into training (70 percent), testing
(15 percent) and validation (15 percent) sets. The performance has been compared between
the observed and predicted value using mean absolute error (MAE) and coefficient of
determination (R2). R2 close to 1 and smaller value of MAE proves good prediction of
the methods. where, ai is actual data, pi predicted data, m data points and a is mean of the
actual data. Further to investigate the validated data, air quality index (AQI) is evaluated
and compared with the actual as depicted on CPCB site on daily basis. AQI is not just a
number describing the quality of air but also explains what we are breathing in. The purpose
was to acquaintance public about decaying air quality. AQI is calculated using the standards
defined by CPCB. AQI is broadly categorized as follows:

The time series of PM2.5 for the period under consideration is depicted in Figure 5.1
and plot area describes PM2.5 categories. The series clearly depicts few cases of less PM2.5
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concentration and more of poor and very poor categories. Firstly the series is decomposed
using EMD. IMF is shown in Figure 5.2.

Figure 5.1: PM2.5 time series for the period from 22/03/2015 to 28/03/2019.

Figure 5.2: IMFs/ Residue series of PM2.5 data.

The decomposed IMFs and residue are predicted using ANFIS. Next PM2.5 series
undergo wavelet transformation and is decomposed into approximations and details which
follow the algorithm depicted in Figure 4.1b. Finally the predicted data is obtained by
summing up predicted value of components. The performance of models can be seen in
Figure 5.3 and Figure 5.4 for observed and predicted value of testing and validation data.
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Figure 5.3: Observed and predicted PM2.5 Testing data.

Figure 5.4: Observed and predicted PM2.5 Validation data.

Figure 5.5: Observed vs. predicted PM2.5 using(a)ANFIS;(b)EMDANFIS;(c)WaveletANFIS

Further, the efficiency of models is statistically compared using MAE and R2 as depicted
in Table 5.1.
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Table 5.1: Performance Analysis

Model R2 MAE
Training Testing Validation Training Testing Validation

ANFIS 0.7324 0.6251 0.5814 31.19 27.9552 33.125
EMD ANFIS 0.9491 0.9079 0.7163 14.4091 11.6029 25.7133

Wavelet ANFIS 0.9762 0.9507 0.9505 9.5249 8.0686 13.0044

It is evident that WANFIS performs much better than other models. Using the forecasted
and observed validation data AQI is calculated. Approximately 96 percent of forecasted and
observed AQIs lie in the same category as in Figure 5.6. Thus the model can be used
by pollution controlling and monitoring agencies to predict AQI which can contribute in
controlling its severe affects and taking precaution beforehand by the government and people.

Figure 5.6: Predicted and observed air quality index, plot area is divided into categories.

6 Conclusion
A hybrid model consisting of time space analysis methods and adaptive neuro-fuzzy inference
system is proposed for accurate prediction. The performance of the model has been
verified by calculating AQI of the predicted values and comparing with AQIs for PM2.5
as shown on www.cpcb.nic.in. It is found that the wavelet transformation is competent
to improve the PM2.5 forecasting accuracy. Simulation results have shown that Wavelet-
ANFIS outperformed EMD-ANFIS and ANFIS. Air quality index falls in poor and severe
categories indicating need of action plan to control air pollution. Wavelet-ANFIS lead to
accurate prediction of AQI. WANFIS can be used in order to forecast air quality index and
issuing health advisories according to the air quality categories. The proposed model can be
considered for prediction of any non linear non stationary time series using only the lagged
values of the concerned series. The model reduced dependency complexity on other factors.
Although the work reported in this paper improves prediction accuracy, there is still ample
space for improvement in learning rate of the proposed model. For future studies authors
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will consider other optimization techniques to optimize learning rate and computational time
for more convenient model in forecasting air quality.
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